ABSTRACT In this paper, we propose a short-term tracking method, which is more robust than conventional methods for single-target tracking under occlusions. On the one hand, our method uses the features-supplemental points and optical flows for static-adaptive targets based on the online tracking algorithm, which clusters the static-adaptive correspondences for deformable object tracking. On the other hand, our method combines the locally matched target bounding box and the one from optical flows tracking using novel fuzzy weights, which are updated based on the changes in keypoints. In the proposed weighted-based keypoints matching tracker, we employ fast keypoints detection and partial descriptors, which makes it run in real time. We demonstrate the effectiveness of our method extensively on benchmark data sets that contain scenes of object deformation and occlusions. The results show that our algorithm performs more favorably against the competing tracking methods.
I. INTRODUCTION
As a one of the major fundamental challenging problems in computer vision, visual object tracking has drawn more and more attention in recent years [1] . It plays an important role in a wide range of applications, such as driver assistance systems, intelligent surveillance, face recognition and abnormal behavior detection [2] . In this paper, we focus on the modelfree tracking problem of single objects, which requires no priori information about the object.
Typically, given an object in the initial image, object tracking is to locate the object in subsequence images or frames overtime. Without the specific prior knowledge about the object and the time-consuming training process, model-free methods can be applied in various scenes. Although a great progress has been made in this method, different scenarios can cause tracking errors deriving from target deformation, fast motion and occlusion and finally result in tracking failure [3] . Therefore, it is crucial to select an appropriate appearance model to divide the object into several parts.
There are two categories of appearance models that are globebased model and part-based model [4] . Globe-based model uses features like raw grayscale and color histogram, and it has the main advantage of low computational complexity. However, it is difficult to deal with the situations such as partial or complete occlusion in which the object appearance strikingly changes. By contrast, the part-based model divides target into several parts, therefore, it is possible that we are able to track the object by the visible parts when other parts are under heavy occlusion. In this paper, we employ the partbased model based on local matching to solve the occlusion problem.
The primary contribution of this paper is the novel geometrical similarity method for the keypoint-based object tracking under occlusion. In order to reconstruct the unobservable feature points of the obscured target, we propose an original concept that the invisible feature point can be supplemented in an indirect way. The second contribution is the fuzzy logic rule based on the changing velocity of the matched feature points to determine the degree of occlusion [5] . The third one is the weight-based method which combines the bounding box of local-matched feature points with the box of forwardbackward optical flow estimation, making it possible for us to work out the occlusion problem in single-target tracking [6] .
The rest of the paper is arranged as follows. Related work is reviewed in Section I-A. Section II describes our novel approach, including its theoretical basis and design consideration. Experimental results are presented in Section III. And conclusion of this work and possible future work is in Section IV.
A. RELATED WORK 1) PART-BASED TRACKING
There is a mass of relevant literatures on object tracking and some of them are based on the appearance models of partbased tracking, which have been perfectly applied to object detection, feature extraction and object recognition in various occasions [7] . At the beginning, Adam et al. [8] proposed to represent a picture by multiple image fragments or patches, which is regarded as the basic form of a part-based model. More specifically, with comparing the histogram with the corresponding image part histogram, the potential positions and scales of the object are determined by the votes of each patch. A key factor making it effective is the integral histogram data structure.
In order to solve the problem of deformable object tracking, a multi-scale deformable part model was presented to detect and determine the position of a general object [9] . In this work, a rough global template for the whole object and a high-precision part template compose the exact part-based model. Unfortunately, this model requires no-mistake in the initialization and it fails to realize real-time tracking because of complex training. Despite many advances in part-based model, it remains complicated to apply structured learning to a part-based object model, which means integrating each patch of an image and preventing the lengthy initialization processes are complicated. Yao et al. [10] proposed an approach to model the unknown parts using latent variables. On the basis of primal form, a two-stage training process is applied to estimate the parts and avoid overfitting.
In general, compared with the part-fixed approach, it seems to be a mainstream tendency to make the patches as much random as possible. Although the part-variable models can alleviate the problem of occlusion and object deformation to some extent, the measures to identify inaccurate parts implemented during re-detection process is very time-consuming, which leads to the failure of real-time purpose.
2) FUZZY LOGIC
Fuzzy logic, an artificial intelligence technique, is much more than a logical system, comprising of logical, fuzzyset-theoretic, epistemic and relational [11] . In addition, what should be emphasized is that fuzzy logic is a precise logic of imprecision and approximate reasoning instead of fuzzy, which is a general misunderstanding for many years. More specifically, owing to its power of precision of what is imprecise, formalization and mechanization are implemented in the economics, industrial engineering and other humancentric fields as two distinguished human capabilities [12] . Belonging to a branch of fuzzy logic, fuzzy judgment matrix should be researched deeply, where its objective is to obtain the superior alternative or prioritize the alternatives. In the beginning, the root method and normal row sum priority method were proposed for fuzzy complementary judgment matrix [13] , [14] . Song and Yang [15] proposed a priority approaches by transforming the fuzzy judgment matrix into an analytic hierarchy process (AHP) judgment matrix, in which the priority weight vector of AHP judgment matrix was viewed as judgment matrix. Based on the Analytic Hierarch Process (AHP) consistent judgment matrix, Zhu et al. [16] proposed a method that was related to ordinal consistency. Wang and Guo [17] developed AHP model by determining the ideal priority vector and solving the fuzzy judgment matrix priority with a common formula.
In general, there is no doubt that fuzzy judgment matrix is one of the most important approaches that are used in various and complicated control systems. Our approach differs from the previous in that the parameters we can use to establish the fuzzy judgment matrix are limited.
II. METHOD
For the purpose of more robust and efficient tracking for occlusion situations, we come up with a new approach based on the static-adaptive tracking algorithm, CMT [18] . As usual in general tracking problem, let us define the sequence of images and bounding box as {I 1 , I 2 , . . . , I n } and {b 1 , b 2 , . . . , b n } respectively, in which the I 1 and b 1 are given at the beginning. What can be estimated with respect to the initial given object are its center u, scale s and degree of its in-plane rotation α. Following the method of keypoint detection and description, we define a set of keypoints
Our target is to find the location of the object of interest in subsequent frames as accurate as possible.
A. VIRTUAL KEYPOINTS
Using the model of static appearance and maximum similarity clustering, we can find out the target position by determining the corresponding keypoints set P t in the current frame. However, when facing the situation of occlusion, it is barely possible to match the needed keypoints for tracking. Hence, in order to avoid tracking the mismatched keypoints, we employ a similarity approach that is primarily based on the geometric uniformity and virtual feature point set V t , which allows the descriptors in the current frame to match the obscured target instead of the one that hinders the target.
Before adding the virtual keypoints for tracking purpose, we estimate s and α to compute the position of the virtual point, which is denoted by indices i, j about their initial VOLUME 6, 2018 absolute deviation. As given in [19] , the scale is computed by:
where . is the Euclidean distance, χ i 1 and χ j 1 refer two arbitrary keypoints in the first frame, similarly, χ i t refers to a keypoint of the current frame. By comparing the different scales determined by heuristic approach with the ground truth scale, we find that there is only slight difference between s and s GT , which allows us to employ the median method in Eqn. 1. In addition, an estimate for the rotation α can be obtained by:
where atan2 represents the arctangent of any two feature points in the appropriate quadrant. The algorithmic complexity of Eqn. 1 and Eqn. 2 is O(n 2 ), where n is the number of correspondences among the keypoints. In general, the scale and rotation of object in current frame are exactly obtained by the distribution of pairwise distance between the keypoints and angular changes, of which the method of computing the median takes little time.
Based on the geometric uniformity of object, for each keypoint, we compute the distance by:
where µ t is the central of entire keypoints, which is the key factor for us to obtain the nearly precise bounding box. Specifically, when the moment of occlusion, the whole needed keypoints are divided into two parts, one is the visual feature points that are matched by a particular descriptor and the other are the complementary virtual feature points V t . With the help of d(χ n t ) of matched point in frame t − 1 we determine the virtual center and keypoints in frame t by adopting a standard agglomerative clustering algorithm [20] . Finally, the real center of matched bounding box is computed by averaging:
where V i t is the virtual feature points that are used to compensate for the loss of keypoints in occlusion. The outline of our approach to supplement virtual keypoints is shown in Fig. 1 .
B. FUZZY LOGIC JUDGMENT
In the previous section, we introduced the method of supplementing virtual keypoints for matching accuracy. We employ the fuzzy sets theory to estimate the degree of occlusion, which is the key component of our approach. On the basis of trichotomy [21] , one of the efficient methods to construct the membership function of fuzzy sets, we define N 1 as the number of matched points in the initial frame and A 1 , A 2 , A 3 the fuzzy sets of none occlusion, suspected occlusion and complete occlusion. What's more, there is a mapping l (ξ,η) from N t to A, where N t denotes the real numbers of matched FIGURE 1. Left: the center of object is determined by detected keypoints, allowing us to compute the mean-normalized vector. Middle: the virtual keypoints in dashed line are added to the object when occlusion by applying the geometric consistency. Right: we use the detector and descriptor to compute the re-occurring keypoints in solid line. points in the frame t and A = {A 1 , A 2 , A 3 }. As depicted in Fig. 2 , we define l (ξ,η) to be
where ξ denotes the partition point of the fuzzy sets A 1 and A 2 ; η denotes the partition point of the fuzzy sets A 2 and A 3 . The probability density function of the random variables ξ and η are normal distributions N (a 1 , σ 2 1 ) and N (a 2 , σ 2 2 ) respectively, which are obtained by the experimental results from several video sequences. Then, the membership functions determined by the fuzzy statistic testing are:
where p ξ (u) and p η (u) are the marginal distribution density function of the random variable ξ and η [22] . Based on the probability method, the membership functions can also be described as follow:
In this work, we define the probability function to be:
With the help of trichotomy, we are able to predict the occluded degree in some extent. However, due to the matching error during the motion of objects, the number of matched keypoints fluctuates within a certain range. Thus, we combine the trichotomy with the changing rate of keypoints in frames to improve tracking accuracy.
C. WEIGHT-BASED CORRESPONDENCE
From our experimental results, we found that it is an effective way to combine the two bounding boxes from matching and tracking processes. It is critical to choose a proper weight for the matching bounding box b M and the tracking bounding box b T in the weight-based method. After applying the fuzzy distribution method of trichotomy, we obtain the l (ξ,η) based on the fuzzy sets of occlusion A = {A 1 , A 2 , A 3 }, which aims to assign the exact weight for bounding box.
Especially, the tracking bounding box decided by the forward-backward optical flow would track the wrong target in occlusion, as result of which the real bounding box should much depend on the weight coefficient α. Instead of determining α and β directly by the l (ξ,η) and A, we introduce the following rule when occlusion:
where µ A 1 (χ) and µ A 2 (χ) are the member function of fuzzy sets and α is increasing slightly as the degree of occlusion. In order to avoid interference by exterior point from complicated background, we introduce the following rule:
where µ A 2 (χ) and µ A 3 (χ) are the member function of fuzzy sets of suspected occlusion and none occlusion. Choosing the appropriate proportion between α and β is the key factor in our approach of weight-based correspondence, on which algorithmic output is based. The formulation of algorithm is described in Algorithm 1.
III. EXPERIMENTAL RESULTS
In detecting part, we detect and describe the keypoints by using ORB [23] , allowing us to follow the real target when occlusion by expanding matching range. As for tracking 
part, we introduce the pyramidal variant of forward-backward Lucas and Kanade for estimating optical flow. We evaluate our approach (SPWT) in terms of tracking precision and tracking speed separately. In Section III-A, we test our improved algorithm on OTB benchmark datasets [24] . In Section III-B, then, we compare our method with state-ofthe-art algorithms in the video sequence of occlusion. At last, the experiments are conducted to compare speed performance of our method with others in Section III-C. The test environment is
Hardware: intel (R) Core(TM) i7-6700 CPU Software: Visual Studio 2015; OpenCV 3.1 FIGURE 3. Distance precision over 100 benchmark sequences as for occlusion using one-pass evaluation (OPE) and spatial robustness evaluation (SRE). The legend contains the area-under-the-curve score for each tracker.
A. COMPARISON WITH ITS BASELINE
In order to compare with the short-term state-of-the-Art algorithms, our proposed algorithm is evaluated on the several video sequences from benchmark of OTB benchmark datasets [25] . As shown in Fig. 3 and Table 1 , our approach performs favorable against other short-term algorithm in precision with respect to OPE and SRE. Fig. 3 shows that on overage the distance precision of our approach is better than other short-term algorithms as VOLUME 6, 2018 TABLE 1. Area-under-the-curve score of distance precision.
FIGURE 4.
Success plots over 100 benchmark sequences as for occlusion using one-pass evaluation (OPE) and spatial robustness evaluation (SRE). The legend contains the area-under-the-curve score for each tracker. the location error threshold surpasses 10. It is because we employ the keypoints-supplementary method and fuzzy logic judgment, allowing us to figure out the central position of the object. What's more, the performance has slightly improved in success rate compared with short-term tracking algorithm, which is shown in Fig. 4 and Table 2 . Fig. 4 and Table 2 demonstrates that the success plot of our approach is superior to other short-term algorithm as the overlap threshold less than 0.5. On the whole, the approach that we propose has achieved certain effect.
B. COMPARISON WITH STATE-OF-THE-ART ALGORITHMS
For comparing our algorithm with state-of-art methods, including SCM [24] , Struck [26] and KCF [27] , we obtained the source code of them and tested on four video sequences, i.e. freeman1, jogging-1 and jogging-2 as well as suv. As illustrated in Fig. 5 , KCF performs well in dealing with partial occlusion and fast motion (suv). However, it always drifts when the situation of heavy occlusion (jogging-1, jogging-2) and out-of-plane rotation (freeman1), where the target is lost in the frame of 123. The tracker SCM can estimate scale changes (freeman1), but it barely handles the occlusion (suv), in which the target is lost in the frame of 584. Although the tracker Struck can follow the target at the end of video sequence jogging-1, it is not able to give the exactly position of the object. Our method (SPWT) performs well in terms of occlusion, scale change and rotation.
C. COMPUTATION SPEED EVALUATION
In order to assess the speed of the considered algorithms, we list the time spent on computing the output of each frame over the mentioned video sequences in Table 3 . According to the experiment, the processing speed of algorithm is at least 50 frames per second, in general speaking, making it possible to track the exact object in real time. As shown in Fig. 6 , while the fast tracker KCF achieves superior result with respect to correlation filter, our method can reach 62.28 frame per second, ranking close to real-time tracker CT. Therefore, the real-time algorithm SPWT can be applied to target tracking task in different demand.
IV. CONCLUSION
In this work, we propose a weight-based keypoints matching tracker for occlusion, in which we employ the geometrical similarity to supplement virtual keypoints and fuzzy logic to determine the occluded degree. The reason why our approach can handle the specific occlusion is that we expand the matching range when target is missing by introducing the method of fuzzy logic judgment. What's more, the experimental results show that favorable improvement has been achieved by comparing with state-of-the-art short-term tracking methods. As for future work, we plan to come up with a novel method, allowing us to find optimal range for the matching purpose with respect to complex situation. 
